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Abstract
Indoor localization, this means solutions providing the position of mobile objects/persons in indoor environments
(e.g., hospitals, malls, etc.), is one of the most cutting-edge services with growing demand in smart applications
such as robotics for care, pedestrian navigations, etc. With the objective of providing indoor localization, this paper
presents the experimental analysis of simultaneous radio frequency measurements from two different radio
frequency systems: Ultra High Frequency Radio Frequency IDentification (UHF RFID) and macrocellular networks.
Extensively deployed cellular technologies (Global System for Mobile communications (GSM) and Universal Mobile
Telecommunications System (UMTS)) are here evaluated with the purpose of enhancing pre-existent RFID-based
localization systems at reduced costs. Temporal and statistical analysis of the measurements gathered from each
technology is performed, and its applicability for localization is assessed. Based on this analysis, a RFID localization
mechanism that is able to integrate macrocellular technologies information is proposed, showing improved results
in terms of accuracy.
Keywords: UHF RFID; Cellular technology; Heterogeneous indoor localization; Fingerprint
1 Introduction
Several radio frequency-based systems have been pro-
posed for providing indoor localization such as Ultra
Wide Band (UWB), which presents location errors of
few centimeters or Radio Frequency IDentification
(RFID), which is in the range of few meters. However,
accurate indoor positioning systems still present high
costs in terms of hardware price, deployment expendi-
tures, computational cost, and complexity, especially for
very accurate solutions, such as UWB. In parallel, a wide
variety of wireless communication networks coexist sim-
ultaneously with human beings. The results are the so-
called Heterogeneous Networks (HetNets) where several
wireless technologies surround daily life to create
massive communication layers at different frequencies.
These infrastructures provide a cloud of parallel infor-
mation that could be, not only used for communication
purposes, but also for enhancing accuracy and robust-
ness of several a priori unrelated applications, such as
indoor localization.
In this way, mechanisms for opportunistic radio posi-
tioning based on multiple techniques (e.g., wireless local
area network (WLAN) together with Global System for
Mobile communications (GSM), etc.) have been devised
as promising solutions [1]. That integration of multiple
technologies could lead to the required levels of accur-
acy at reduced costs. Macrocellular deployments for
mobile communications are one of the most widely ex-
tended radio frequency (RF) technologies. However, up
to our knowledge, its combination with RFID-based
localization systems has not been previously envisaged
in the literature. Therefore, this paper proposes and ana-
lyses the combination of a robust and reliable indoor po-
sitioning system such as RFID-based indoor positioning
systems with another low-cost radio frequency solution
in order to improve the accuracy of the indoor location-
based services (LBS). Cellular technologies are selected
in order to take advantages of the already deployed
macrocellular networks.
A challenge for this solution is the lack of previous
measurement campaigns including both cellular and RFID
technologies, as well as defining systems for indoor
localization able to integrate these two technologies.
Therefore, this paper presents two main contributions.
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Firstly, the results of a radio frequency measurement
campaign analyzing both RFID and cellular signals are
presented and evaluated to determine whether there
could be an improvement in indoor position calculation
with the integration of cellular information into RFID-
based localization systems. Secondly, a technique for in-
tegrating cellular technology information into indoor
RFID-based localization systems is defined in order to
improve the indoor location accuracy. Finally, the real
field measurements are used to evaluate the capabilities
of the proposed integrated localization system in com-
parison with pure RFID options.
The structure of this paper is as follows: the “State of
the art” section details the state of the art of indoor
localization technologies, focusing on wireless heteroge-
neous techniques. The “Technology general characteris-
tics” section introduces an overview of theoretical
propagation models for RFID and cellular networks. The
“Localization techniques” section describes wireless in-
door positioning techniques. The “Evaluation set-up”
section presents the measurement equipment setup and
the test-bed scenario where the experiments have been
performed. The “Signal assessment” section details the
gathered data and the assessment of the measurement
campaign. The “Localization assessment” section evalu-
ates the opportunistic capabilities of the proposed con-
cept. Finally, the “Conclusions” section includes the
conclusions and perspectives of this work.
2 State of the art
Indoor positioning and navigation is a field where the
large diversity of application environments leads to a
large diversity of solutions. A summary of the main posi-
tioning technologies, techniques, and their performances
for typical applications are detailed in [2]. For these ap-
plications, several performance criteria can be defined,
such as robustness, responsiveness, consumption, size,
scalability, compatibility with human beings, accuracy,
or precision.
Regarding camera-based systems, their high-security
and confidentiality issues make them less accepted. Sub-
metric radio frequency solutions as UWB, tactile and
polar systems, or pseudolites use very expensive hard-
ware while Infrared, sound, or HF RFID cover small
areas and need numerous beacons or tags to be scalable.
Other radio frequency-based techniques are also
widely used, but they do not provide enough accuracy
for navigation positioning in indoor scenarios. In such
techniques, metrics as received signal power (RSSI),
angle of arrival (AoA) or time of flight (ToF) may not be
directly related to distance or relative position between
emitter and receiver. This is due to multipath and fading
phenomena that can be dominating in indoor environ-
ments. Therefore, position estimation suffers from this
initial uncertainty and sophisticated positioning algo-
rithms, and filtering are needed to compensate these
drawbacks.
In this respect, UHF RFID systems with active tags are
not expensive, have an operating range of several tens of
meters, and are easy to deploy, which comply with the
application requirements for pedestrian navigation ex-
cepting for the accuracy. Indeed, their performance as
commonly used is usually few meters [3]. Literature pre-
sented several passive UHF systems [4–6] to locate pas-
sive tags. They are used when covering small areas
typically (3 m × 3 m), and their accuracy is in a range
from 30 cm to 2 m, depending mainly on the tags dens-
ity (from few tens to more than one hundred). They
need at least 4 readers for this area (4 readers/10 m2).
The scalability of such a system remains a drawback, for
example, to cover an entire floor of a public building of
some hundreds square meters, a few hundreds of readers
must be deployed.
The use of macrocell signal for outdoor localization
has been previously assessed in studies like [7]. In out-
door scenarios, the signal coming from macrocell base
station can be processed in order to obtain just a rough
estimation of a mobile terminal position (hundreds of
meters). Only particular indoor cellular deployments
(such as small cells, low powered base station that can
be installed indoors) have been analyzed [8]. In this field,
the works [9, 10] presented a fingerprint technique
based in the mapping and use of radio signals from fem-
tocells (a particular type of small cells) for localization of
mobile terminals in indoor environments (few meters).
However, such indoor cellular deployments are still not
widely implemented and costly.
The proposed option of combining UHF RFID tags
with macrocell technology measurements could success-
fully provide the level of accuracy required in RFID-
based localization systems for pedestrian navigation in
buildings. More precisely, it will focus on indoor naviga-
tion in a floor of a building such as hospitals, univer-
sities, city halls, etc.
In this respect, the first works integrating diverse radio
frequency technologies (not including RFID + macrocell,
which has not previously considered) for indoor
localization were presented a few years ago [1, 11]. The
main purpose of combining different technologies is to
increase the accuracy [12], or the density of the devices
to be localized [13], or to overcome the continuity in-
door/outdoor challenge [14], where these systems need
to handle heterogeneous devices [15] and vertical hand-
overs [1]. European Project WHERE2 [16] presented re-
sults of real-life experiments based on ZigBee and
orthogonal frequency division multiplexing (OFDM) de-
vices (emulating a multistandard terminal moving in
typical indoor environments), with measurements using
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Received Signal Strength Indicator (RSSI) and round-trip
delay (RTD). A comparison between non-cooperative and
cooperative positioning was done, and several positioning
algorithms were tested in both cases. In reference [1], al-
gorithms with realistic heterogeneous wireless networks,
including GSM, Digital Video Broadcasting (DVB), fre-
quency modulation (FM), and WLAN, were evaluated
with measurements of RSSI. This paper proposed two
cooperative positioning algorithms: Direct Multi-Radio
Fusion (DMRF) reorganizes the information in a trans-
formed space, and a Cooperative Eigen-Radio Position-
ing (CERP) uses the spatial discrimination property.
Nevertheless, none of the previous works analyzed the
promising approach of combining RFID and macrocell
signal processing as a low-cost solution. In fact, up to
our knowledge, there has not been any deep study in
the field of combining UHF RFID with macrocellular
signals. This is a suitable option for enhancing preci-
sion for pedestrian navigation in buildings with a highly
reduced implementation costs in comparison with pre-
vious solutions. Such novel approach is presented in
this work. Additionally, the proposed system would be
only based on general commercialized hardware and
software. This would include certain limitations in
terms of the detail of the signal information (informa-
tion about neighboring cells, SINR, etc.) available for
the localization procedures. However, it is considered
essential in order to facilitate the adoption of the system
in operational deployments and common applications.
3 Technology general characteristics
In this section, the analyzed technologies are summarily
described in based of their general characteristics and
theoretical models in indoor scenarios.
3.1 RFID
For the RFID technology, there are two different types of
systems: inductive and radiative, operating in a large
range of frequencies, from 125 kHz to 5.8 GHz (Fig. 1),
but most applications use LF, HF, and UHF bands.
Communication ranges of UHF systems are a few me-
ters and up to 15 m in free space conditions. In order to
achieve longer ranges beyond 15 m, transponders need a
battery to provide power supply to the chip.
The power received for a line of sight (LoS) and multiple
single reflections environment can be modeled as [17]:













where λ is the wavelength, d the length of the direct ray
path, Γn the reflection coefficient of the n-th reflecting
object, dn the length of the n-th reflected ray path, and
N the total number of reflections.
The estimation of the multiple reflections in the sce-
nario requires an accurate description of the environ-
ment. In practice, the most commonly used channel
model for indoor scenarios is the log-normal shadowing
model [18]. It allows to predict the path loss by a statis-
tical analysis of measurements in a given physical
surrounding:




where PL(d0) is the path loss for a reference distance d0,
η is the path loss exponent, and Xσ is a Gaussian random
variable with zero mean and a standard deviation σ.
3.2 Cellular technology
GSM is a standard that describes protocols for second
generation (2G) mobile cellular networks. GSM systems
usually work in the 900/1800 MHz band, whereas in the
third generation (3G), Universal Mobile Telecommuni-
cations System (UMTS) is located at the 900/2100 MHz
band (in Europe). Furthermore, there is also an import-
ant difference in terms of radio propagation: the carrier
spacing is 200 kHz in GSM, whereas it is increased to
INDUCTIVE RADIATIVE
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Fig. 1 RFID frequency bands
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5 MHz in UMTS. For this reason, UMTS system is
more vulnerable to frequency selective fading than
GSM systems. Particularly, the wireless wave will be
diffracted, scattered, and absorbed by the terrain, trees,
building, vehicles, people, etc. that encompasses the
propagation environment as it traverses the path from a
transmitter to a receiver. The presence of obstacles
along the path might cause the signal to experience
higher attenuation than it would suffer under free space
conditions.
Both GSM and UMTS technologies are widely imple-
mented all over the world. Even if GSM is a legacy tech-
nology in terms of telecommunications, it is by far the
most extended technology in terms of coverage and re-
dundancy of macrocell stations, where also the lower
transmission frequencies allow a better reception in the
indoor scenario object of this study.
In order to obtain a glance of the cellular signal channel
characteristics at the considered scenarios, COST231-
Hata model [19] which is valid from 150 MHz to 2 GHz
and WINNER II model [20] which is valid from 2 to
6 GHz can be adopted as two of the most widely propaga-
tional models for cellular communication studies.
COST231-Hata model defines the path loss in differ-
ent urban and suburban areas as well as in in-building
penetration. This model uses a LoS path loss with an in-
door component:
PL dð Þ ¼ 32:4þ 20logf GHz þ 20log dout þ dinð Þ þ PLin
ð3Þ
where fGHz is the frequency in GHz, dout is the outdoor
path, din is the indoor path, and PLin is defined as:
PLin ¼ PLe þ PLge 1−sinθð Þ2 þmax Γ1; Γ2ð Þ ð4Þ
where PLe is the normal incidence first wall penetration,
PLgeð1−sinθÞ2 is the added loss due to angle of incidence
θ which is usually measured over an average of empirical
values of incidence, and max(Γ1, Γ2) estimates loss within
the building.
WINNER II model defines different scenarios and
their applicable path loss characteristics. For the case of
macrocellular signal reaching in indoor environments,
the correspondent model is outdoor-indoor C4. The ex-
pression for this model path loss is:
PL dð Þ ¼ PLC2 dout þ dinð Þ þ 17:4þ 0:5din−0:8hMS
ð5Þ
where dout is the distance between the macrocellular sta-
tion and the external wall of the indoor scenario, din is
the distance between the wall and the receiver indoors,
PLC2 represents the path loss for the model for urban
macrocell outdoors, and hMS is the height of the mobile
station. For this model, the impact of din in the factor
PLC2 (dout + din) becomes usually negligible for the nor-
mal distance of dozens/hundreds of meters between the
indoor building and the macrocell base station. This
makes the evolution of the path loss in the indoor sce-
nario mainly influenced by the term 0.5din.
Additionally, the impact of the shadow fading can be
also modeled for an indoor scenario as a log-normal
distribution with standard deviation of 8 dB. Finally,
fast fading can be modeled as Rayleigh (in non-line of
sight) and Ricean (in line of sight situations) distribu-
tions. However, fast-fading effects are mostly elimi-
nated in the measurements provided by common-
monitored tools due to the integration of the signal
during the measurement periods (lasting commonly
1 s). This makes the shadowing the main component
for the difference of received power between positions
of the scenario. Still, in order to categorize the charac-
teristics of each location, shadowing effects cannot be
calculated without very complex computations, and an
extremely detailed knowledge of the scenario is re-
quired. Furthermore, the path followed by the signal
from the macrocellular base station to the terminal
shall be known.
4 Localization techniques
To determine the possible improvement achievable by
the combination of RFID and cellular technologies, dif-
ferent baseline single-technology localization solutions
are defined. Then, a method for their integration is pro-
posed. These mechanisms would be specifically tuned
and evaluated on the measurement campaign data in the
“Localization assessment” section.
4.1 General scheme
Fingerprinting-based techniques are selected to provide
indoor localization, being a widely applied scheme for
localization in these environments [21]. These techniques
are defined by two main phases, calibration (offline) and
localization (online):
 Calibration phase: This stage is performed prior to
the provision of the localization service. Here,
RSSI values and transmitter identifiers (the
transmitted identification of a specific cell or tag)
are collected at known locations of the scenario.
This information is then stored in a database as
calibration maps of the environment.
 Localization phase: It consists in the online
provision of the localization service. Here, the set
of measurements received in real time by the
localized platform are used to estimate its
position by means of comparing it to the stored
calibration map.
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4.2 Baseline localization phase algorithms
For the case where a unique technology (RFID or cellular)
is used for localization, there are multiple mechanisms
available for the localization phase [21]. Here, the identifi-
cation of the current position can be based in two differ-
ent comparable variables:
 Prx: the received power level from a set of
transmitters (cell and/or tag),
 IDSrx: the particular set of “visible” transmitter
identifiers (those that are received with at least a
certain minimum power) at the particular location.
For both factors, the different baseline algorithms to
be used in the system evaluation are presented in the
following subsections. These follow the scheme pre-
sented in Fig. 2, which distinguish three steps to weight
the candidates from the calibration phase points, inter-
sect those candidates, and estimate a specific location.
4.2.1 Candidate positions weighting
Each calibration point (also denominated as candidates)
γf = (xf, yf, zf ) of the set of locations measured in the fin-
gerprinting set Гf is weighted in relation to its radio
similarity with the radio values currently gathered in the
unknown position of the localized platform γcurr = (x, y,
z). Three different approaches are described for defining
the weight given to each calibration point, w(γf, γcurr).
 Number of matches: the candidate positions are
ranked by the number of coincidences with the
current values: e.g., the number of tags received
with the same average power level than the current
one. w(γf, γcurr) is calculated as the sum of all
matches divided by the total number of possible
matches. For example, if only RFID signal is used
and there are 30 tags in the scenario, the number of
possible matches with that technology is 30.
Depending on the received power values or the
identifiers, match definition will vary. On the one
hand, if the coincidence is based on received power



























where μPrxiðγf Þ is the mean received power from the
transmitter i at the calibration point γf. μPrxiðγcurrÞ is
the mean power measured during the acquisition
time in the localization phase at the current position
γcurr (to be estimated). The acquisition time is the
period of monitoring of the network used by the
mobile localized platform to obtain a specific radio
measurement/value. As it will be further described
in the following sections, this may be obtained from
a unique measured value or it may be the result of
average of multiple samples. ΔPrx is an established
error margin: in the evaluation section, the
Fig. 2 Localization system scheme
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algorithm will be tested with different values of this
margin.
On the other hand, if the similarity is measured in
based of the received identifiers, a match is defined
as:
match γ f ; γcurr
 
Id









where Id(γf ) is the set of received identifiers at the
calibration point γf and Id(γcurr) is the set of
identifiers received at the current position γcurr
during the acquisition time in the location phase.
The expressions mean that in case both sets shared
common identifiers, the match is considered
affirmative.
 Bayes Classifier: In this method, the weight of the
candidates is defined as the posterior probability of
being in the calibration point given the current mean
power values received p^

γcurr ¼ γ f jμPrxðγcurrÞ

.
This is calculated by means of a naive Bayes classifier:
p^

















μPrxiðγcurrÞjγ f Þ is the conditional probability of
receiving μPrxiðγcurrÞ in the candidate position γf
from the transmitter i ∈ I (I being the set of
considered transmitters).
 p^ γ f
 
is the estimated prior probability of being in
each candidate position. For the assessment of the
system, a no-memory mechanism is assumed, and






is the likelihood of the evidence





can be discarded as it is the same
for all candidates.
Therefore, the expression for weighting each
candidate can be simplified as:
p












where p^ðμPrxi jγ f Þ is the probability density function
(PDF) of the conditional probabilities for each
candidate position, γf, and tag i. This PDF is
estimated assuming a normal distribution (a
common approach for modeling the received power)
with mean and standard deviation in base of the
samples gathered in the calibration phase
(as represented by the module characterization in
Fig. 2). Then, Laplace smoothing [22] is applied to
the PDF to avoid giving zero probability to current
RSS values, as this might eliminate possible good
candidates just for the incorrect reception of one
tag. The PDF is then used to calculate the
conditional probability of the current mean received
power.
 Euclidean distance: this method is well known
in the literature [23]. Firstly, for each
calibration point, the vector of the mean
received power from all the transmitters is
defined as μPrxðγcurrÞ ¼ fμPrx1ðγ f Þ; μPrx2ðγf Þ…g.
Then, its weight is calculated as the distance
between such vector and the one formed from
the current received power levels μPrx( γcurr)
gathered by the localized platform:
wðγ f ; γcurrÞ ¼ d

μPrxðγ f Þ; μPrxðγcurrÞ

4.2.2 Candidates intersection
Whereas the previous step provided a ranking of the
candidates similarities, this step serves to filter the
total number of considered positions from the ori-
ginal set of calibration points Гf to a reduced one
Γfiltf ⊆Γf . Two different techniques are tested for this
step:
 Maximum intersected candidate (mic): the system
selects uniquely the candidate or candidates
(if more than one shares the same maximum
weight) with the highest ranking achieved by the
calibration points, this means: Γfiltf γcurr
 
mic=
γf ; ∀γ f Γf w γ f ; γcurr
 
¼ max w Γf ; γcurr
   o:n
 k-intersected candidates (kic): the filtered candidates
Γfiltf γcurr
 
kic are those with the k highest weights;
this means those with weights equal to the
maximum weight achieved max (w(Гf, γcurr)) and the
subsequent k lower levels. This implies that the
number of candidates in the filtered set is equal or
higher than k : jΓf iltf ðγcurrÞkicj≥k.
4.2.3 Position estimation
The filtered candidates from the previous stage are then
used to estimate the current position of the mobile lo-
calized platform. For these, two main mechanisms are
analyzed:
 Centroid (geometric center): the estimated position
γ^ curr ¼ fx^ ; y^ ; z^g is calculated as the geometric
center of the filtered candidates. Assuming a fixed
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  Xxf ∈X filtf xf ;
y^ ¼ 1
Γfiltf γcurr
  Xyf ∈Y f iltf yf
ð10Þ
Γfiltf γcurr
   where x and y are the coordinates of the
calculated centroid, Γfiltf γcurr
   is the number of




represents the coordinates of that candidate
positions.
 Median: In this case, the position is estimated by
assigning it the median of each coordinate of the
filtered candidates.
4.3 Integration of cellular technology into RFID-based
localization system
As an example of the possibilities of combination of the
data coming from both technologies, a new scheme for
enhanced indoor localization based on these heteroge-
neous technologies is proposed in Fig. 3. Here, in order
to assess the advantages of having both cellular and
RFID signal in the presented system/scenario, a baseline
approach for the integration of both systems is
proposed.
This consists in the data fusion of the RFID-based
generated candidates with the ones obtained from the
cellular system. Even if other approaches are possible,
this work integrates results from the independent output
of both RFID and cellular systems. These solutions allow
a clear comparison of the gain of the integrated system
as well as facilitates its integration in already existing
services. With this objective, the proposed mechanism
defines two main steps:
1. Cellular geometric discrimination: the RFID filtered
candidates per position Γfiltf; RFID are discriminated by
the cellular filtered candidates Γfiltf; CELLULAR as follows:
an area of 1 m2 (maximum distance between two
adjacent points in the cellular fingerprint matrix) is
created for each cellular candidate position in order to
evaluate if any of the RFID candidates are located
inside this area. In this case, the RFID candidate is
selected, whereas any other candidate outside those
areas is discarded. In case none of Γfiltf ; RFID candidates
match, none of them is discarded.
2. Opportunistic localization: once the candidates have
been selected based on the combined cellular and
RFID information, the estimated position is
calculated by centroid or median metrics.
5 Evaluation setup
Once the general characteristics of the technologies and
localization mechanisms have been detailed; a description
of the proposed architecture and the measurement cam-
paign, as well as the equipment used to transmit and re-
ceive the wireless signals, are specified in this section.
While providing pedestrian localization in buildings,
navigation is done through large halls and corridors. In this
case, unlike passive RFID, our solution with active technol-
ogy can cope with the reading range requirements in large
areas. In this work, we focus on a corridor environment
which is a more critical environment than halls in terms of
multipath propagation.
5.1 Proposed architecture
A specific architecture for the implementation of the
integrated RFID and cellular localization system is
Fig. 3 Integration of cellular technology into RFID-based localization system scheme
Aguilar-Garcia et al. EURASIP Journal on Wireless Communications and Networking  (2015) 2015:219 Page 7 of 22
proposed in Fig. 4. Here, a cloud-computing scheme is
assumed, where most part of the localization algorithm
computation is performed externally by a remote entity.
This is a widely extended approach in localization
systems in order to reduce the computational and
storage costs for the mobile localized platform (the
mobile object which position is calculated), at the
cost of increasing the requirement of maintaining a
continuous communication with the external entity.
In this scheme, the information transmitted to the
external entity can consist just in the received power
levels and source identifier.
5.2 Simulations
As support for the real-world characterization of the sig-
nal, their behavior is emulated by means of simulations
for each technology. The selected indoor scenario con-
sists on a corridor 22.5 m long × 2 m width (same sce-
nario as it will be described in the measurement
campaign):
 RFID: A tag is emulated on the left wall of the
corridor in the position (0,1). For simplicity, the
radio propagation model predicts the signal
received in line of sight and multipath
component formed predominately by a single
reflected wave. The power transmission of the
tag was set to −30 dBm.
 UMTS and GSM: Three tri-sectorized macrocells
have been deployed into a large scenario to cover
the designed corridor for both technologies. They
are placed 1 km far from the corridor.
The results of these simulations are compared with
the results obtained for the real-world prototype pre-
sented in the following section.
5.3 Real-world prototype
5.3.1 Scenario
For indoor location in a building, three main types of
environments could be found: halls, corridors, and offices.
For offices and rooms, simple detection of presence in the
room could be enough for many applications. However,
accurate indoor positioning systems are specially required
in corridors and halls with multiple doors. Such areas
(e.g., hospital corridors surrounded by patient rooms) act
as distributors to different locations making essential a
precise position estimation of the localized platform. This
is the reason why this paper has focused on measurements
in corridors. This study has been carried out into a 4th
floor indoor offices building (526 m2), along the corridor,
which is 22.5 m long × 2 m width × 2.5 m height as it can
be seen in Fig. 5.
5.3.2 RFID equipment
Thirty UHF RFID active tags were deployed on the walls
of the corridor in order to ensure the lowest location
error. They were placed at 1.40 m and 2.10 m height alter-
natively in both sides of the corridor while the distance
between two tags was 1.5 m. Those heights respectively
correspond to a doorknob and a standard door height.
The layout and the position of the tags in the corridor are
illustrated in Fig. 6.
Note that no tag has been placed on the ceiling be-


































Fig. 4 Combined RFID-Cellular indoor localization system scheme
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antenna. A zero is in the axis of the dipole that is to say
towards the ceiling and the floor.
These positioning devices use 433 MHz (ISO 18000–7)
RFID technology. The reader model is “UTPDiff2” with
two vertical dipole Rx/Tx antennas, and the active tags are
the “Thinline” model both from Ela-Innovation [24]. Tags
can be detected from as far as 40 m in an indoor
environment.
5.3.3 Mobile communications equipment
For cellular network assessment, two smartphones were
used in the experimental evaluation: Samsung Galaxy S3
and a Sony Ericsson Xperia X10 Mini E10i (as it will be
later described, the former was used to measure UMTS
technology and the later to measure GSM). They are
widely extended commercial models running Android
4.2 and Android 2.1, respectively. Additionally, to meas-
ure and record the received power in those devices, a
popular free Android application for cellular monitoring,
G-MoN [25], was used. This app is a powerful tool for
monitoring cellular and other wireless technologies as a
drive test tool. It provides cellular network information
such as RSS, cell ID, local area code (LAC), etc. At the
same time, these data are stored in a local file. Note that
RSS values are averaged at Layer 1 and 3 [26] of the ter-
minal protocol stack minimizing the impact of fast fading
in its values. Therefore, the app reported RSS reflects the





Fig. 5 Corridor, tags placement, and mobile-localized platform
Fig. 6 Tags location in the corridor
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5.3.4 Platform
The mobile phones and RFID reader were located on
top of a trolley as Fig. 5 depicts. The measurements have
been carried out for two different cellular technologies
at the same time. The Samsungs smartphone was forced
to be camped on a UMTS macrocell area whose fre-
quency band was 2100 MHz. Likewise, the other smart-
phone was pushed to be connected to the GSM network
at 900 MHz frequency band. This technology diversity
(433, 900 and 2100 MHz) allows a complete study in in-
door real scenario conditions in order to enhance
localization systems as it will be analyzed in the next
sections.
5.3.5 Measurable parameters
On the one hand, with the presented RFID equipment,
the main parameters that can be measured per tag in a
certain time slot are the following:
 Tag ID: numerical identifier of the tag being
received by the reader (multiple tags can be
simultaneously received).
 Received power (dBm) quantified with a resolution of
0.6 dBm from 118 for −44 dBm to 215 for −106 dBm.
On the other hand, for cellular signals, the main pa-
rameters that can be measured by common terminal
apps are the following:
 CellID, the numerical identifier of the serving cell of
the mobile terminal.
 Received power (dBm), quantified with a resolution
of 1 dBm in the range (−115, 0) dBm.
6 Signal assessment
For the assessment of the RFID and cellular signals
under study, several samples were collected for each
technology along the corridor: three lines of measure-
ments (called hereafter “left,” “middle,” “right”) were
performed along it with a distance of 50 cm from each
other (see Fig. 5) where multiple samples have been
gathered every meter for each position. This provides
63 positions (21 per line) in the whole corridor.
Both systems (RFID and cellular) acquire samples dur-
ing 5 min per position. Regarding the RFID system, all
tags are sampled every 5 s while the cellular signal
(GSM and UMTS signals) were measured every second.
In order to simplify the assessment, all measurements
were taken with the same orientation (see Fig. 5). Notice
that, assuming that the cellular terminals properly report
the terminal orientation, the analysis of the signal and/or
the calibration phase can be performed and stored for
multiple orientations. Then, during the localization
phase, data from training sets with different orientations
would be selected and combined following common ap-
proaches for positioning.
These experiments were carried out in the morning of
3 days. During the assessment campaign, the corridor
was empty (no furniture and no people walking along),
and doors remained closed to avoid additional fading or
extra scattering sources.
In order to analyze the characteristics of radio signals
received from each technology and to assess their applic-
ability for indoor location, the following statistics have
been studied:
 Complete distribution: referring to the range and
distribution of signal values in terms of the IDSrx
and Prx. From the point of view of the Prx, this
distribution is characterized by the mean μcompletePrx
and standard deviation σcompletePrx of all samples
gathered in the assessment. From the perspective of
the IDSrx (the number of distinct identifiers detected),
the number of identifiers NcompleteIDSrx is measured.
 Per position analysis: about the variability of the
gathered signals received in each fixed position. It
gives an idea of the stability of the signal and
therefore the achievable accuracy of the localization
system. For this perspective, different statistics have
been defined:
○ σstaticPrx ðx; yÞ; μstaticPrx ðx; yÞ—static standard
deviation and mean of Prx (in dB): it measures the
level and stability of the power measurements in a
specific position (x, y):











where Mx, y is the set of |Mx,y| received power
samples mi measured in the (x, y) position and
μstaticPrx ðx; yÞ is the average of the Mx, y samples.
○ σadjacentPrx ðx; yÞ—adjacent standard deviation of Prx
(in dB): it is calculated as the deviation of the set
of the received power values in one position and
its adjacent points in the assessment set:















where Madjx;y ¼ Mx;y∪Mxþx0;y∪Mx−x0;y∪Mx−x0;y−y0…

 
is the set of Prx measurements used in the
assessment, being {(x + x0, y)…} as the adjacent
positions in the calibration (variations in the z axis
are not considered in our case due to the fixed
height of the target platform). μadjacentPrx ðx; yÞ is the
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mean of the Madjx;y samples. This provides an
assessment on the discernibility of a position in
respect to its neighbors in terms of Prx.
○ N staticIDSrx x; yð Þ—static number of IDSrx: it refers to
the number of serving cellular base stations or tags
measured per point. For RFID, where the receiver
is able to receive multiple transmitters, it is an
indication of the amount of Prx sources of
information available per point. If only a
transmitter is received each time (as in cellular
terminals where only the serving cell may be
considered), this parameter provides an
assessment of the stability of the serving
transmitter reception in each position. Different
cells can served the same point at different instant
as results or similar level of power and time
changing fading effects.
○ σadjacentIDSrx x; yð Þ—adjacent ratio of common IDSrx:
it indicates the number of IDSrx different between
one position and its adjacent ones. Such
parameter measures the possibility of using the
cellID to distinguish between positions.
As these statistics are computed for each position,
their mean or median for all the calibration points of the
scenario can be calculated, as it is presented in the
“Applicability of the results” section, providing a numeric
overview of the characteristics of the different technolo-
gies along the scenario.
In the following subsections, the features of the differ-
ent signals are analyzed from the simulated scenario and
the real prototype area described before.
6.1 RFID signal
6.1.1 Complete distribution
For the simulated signals, the probability distribution
function (PDF) for a tag placed on coordinates (0,1) and
per line of measurement are illustrated in Fig. 7. For the
middle line, Fig. 7b, it presents a value of σcompletePrx ¼ 6 dB.
Regarding the real campaign, the probability distribu-
tion function at each line along the corridor for a ran-
dom RFID tag is represented in Fig. 8, which has been
constructed aggregating 1260 (21 positions × 60 samples/
position) measurements per line. In this case, the average
power μcompletePrx for this particular tag is around −60 dBm
for all lines, but distribution is more symmetrical for
the middle line, Fig. 8b. Here, the received power is be-
tween (−73, −43) dBm and a value of σcompletePrx ¼ 7:3 dB,
which is consistent with the simulated results. Given their
positioning, all of the installed tags are received at some
point of the scenario, making NcompleteId equal to 30.
Finally, comparing both figures, quite similar distribu-
tions are observed between the simulation results and
the measurement campaign.
6.1.2 Per position analysis
Figure 9 shows the measurements gathered in the mid-
dle line of the corridor coming from two representative
tags located at the beginning (a) and in the middle (b) of
the corridor. Indeed, mean power per position along the
corridor μstaticPrx ðx; yÞ is ranged from −45 to −75 dBm
(green dots) for most positions, which complies with
the path loss slope using the log-normal model in this
corridor.
Prx deviation per position, σstaticPrx ðx; yÞ , is quite low. In
average, along the corridor, the mean of the deviation
values is less than 1 dB (blue line). Similar results are
obtained for the rest of the 30 tags.
6.2 Cellular signal
6.2.1 Complete distribution
On the one hand, regarding the simulation results, Prx
probability distribution functions are illustrated in
Figs. 10 and 11. For the cellular case, Prx is considered
independently of the serving cell (serving cell received
power is used without examining its cellID). UMTS tech-
nology, presents a value of σcompletePrx ¼ 7:6 dB , showing a
Fig. 7 RFID—Histograms (simulations) for the left (a), middle (b) and right (c) lines
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wide variability of the received power suggesting the
presence of important shadowing effects in the corri-
dor. Regarding GSM information, this has a value of
σcompletePrx ¼ 11:2 dB, having a dominant power component
in the three histograms which suggest the presence of a
dominant direct line of sight between the macrocell and
the corridor. In terms of variable range, both technologies
cover around 40 dB from the minimum to the maximum
measured value.
On the other hand, the results of the real prototype
campaign are also described. Firstly, for the UMTS tech-
nology, the global statistical distribution of all measure-
ments in the corridor is represented in Fig. 12, which
has been calculated aggregating 6300 (21 positions ×
300 samples/position) measurements per line. Here, it
can be observed how the measurements are mainly in
the range of (−104, −88) dBm in every line, showing the
wide variability in the values of the received power along
the corridor, with a value of σcompletePrx ¼ 4:13 dB for the
middle line. This could mean two different situations: ei-
ther the received power suffers quick changes due to the
fading or the signal is more or less stable around the same
position but it changes a lot with the position. However,
the dominant power component around −98 dBm sug-
gests a stable signal in the corridor.
Secondly, for the GSM technology, Fig. 13 illustrates
the same information. In this case, the average received
power is higher than for UMTS. The range width,
mainly between (−90, −75) dBm, provides similar values
to UMTS, but the deviation is higher σcompletePrx ¼ 7:5 dB.
Fig. 8 RFID—Histograms for the left (a), middle (b) and right (c) lines
Fig. 9 RFID—Received Signal Strength from tag 1 at the beginning of the corridor (a) and tag 7 in the middle of the corridor (b)
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This is consistent with the GSM band being located in the
lower frequencies (900 MHz) than UMTS (2100 MHz),
which makes it less affected by attenuation and common
obstacles in indoor environments. This would depend also
on the location of the cellular base station, but in this case,
and following common cellular telecommunications oper-
ators practices, both technologies share the same site,
therefore, the same distance to the studied scenario. In
these histograms, it is shown two main ranges of domin-
ant power components, which could mean that two serv-
ing cells are received in the corridor.
The measurements show a narrower distribution than
the simulated results due to the different shadowing
conditions. However, the general relation between the
characteristics of both technologies, with a higher devi-
ation for GSM, is consistent with the simulated results.
6.2.2 Per position analysis
Furthermore, as analyzed for the previous RFID tech-
nology, one of the main characteristics in the use of
radio signals for localization and/or monitoring pur-
poses is the degree of stability of the signal for a spe-
cific position.
On the one hand, to analyze the signal stability from
the point of view of the received power, its standard devi-
ation and mean are calculated for all the measurements
gathered in each different position. For that purpose,
G-MoN app automatically sniffs cellular signals and
provides cellular information each second.
First, the UMTS study is shown in Fig. 14 for the statis-
tics calculated with the samples gathered at each position
of the three corridor lines followed in the campaign. The
standard deviation σstaticPrx ðx; yÞ (blue circles) of the mea-
surements for most points are lower than 2 dB, and its
average is lower than 1 dB along the corridor (blue line).
That indicates a very strong stability of most received
power measurements for each position as a consequence
of the average process performed by the app, which miti-
gates the fast-fading component of the propagation. Mea-
surements in those positions with high standard deviation
might suffer from the effect of cell-reselection due to
shadowing. At the same time, the variation of the mean
received power (green dots) at each position is also
shown in Fig. 14, providing an assessment of the possi-
bilities for discrimination of the different positions
along the corridor.
Second, for GSM mobile telecommunications technol-
ogy, Fig. 15 also shows high stability in each position of
the corridor of the three lines, being σstaticPrx ðx; yÞ ¼ 0 dB
except for some few positions in each line where its value
is increased, sometimes up to 10 dB. Once the serving cell
was analyzed in each position, it was observed that these
Fig. 10 UMTS—Histograms (simulations) for the left (a), middle (b) and right (c) lines
Fig. 11 GSM—Histograms (simulations) for the left (a), middle (b) and right (c) lines
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big variations in the received power were caused by the
cell-reselection mechanism. However, such behavior could
easily be filtered based on the serving CellID information,
providing still valuable information for those positions.
On the other hand, from the point of view of the serv-
ing CellID, these are depicted in Fig. 16a, where different
icons identify each serving cell per position and line
along the corridor. It is shown how UMTS terminals are
connected to a wide variety of cells in this scenario,
which explains the variations in the signal received in
one spot. Conversely, as Fig. 16b depicts, the GSM signal
presents homogeneous serving CellIDs in the corridor,
except in the right side where the influence of several
cells is presented. Such behaviors become convenient for
localization purposes as it discriminates positions on the
corridor.
In conclusion, both cellular technologies have shown a
very strong stability in terms of the received power at
the same position, especially if the consistency in the
serving CellID is taken into account, while at the same
time, it changes considerably along the corridor.
6.3 Applicability of the results
The analyzed characteristics of the analyzed technologies
are now summarized. Table 1 shows the statistics for the
signal complete distribution along the middle line of the
corridor, while Table 2 shows the mean and median of
the characteristics of variability obtained per position of
the middle line.
For the case of RFID technology, the results on Prx
corresponds to a tag placed on coordinates (0,1). In
terms of Prx variability per adjacent position, it is ob-
served how σadjacentPrx values are consistently high (median
σadjacentPrx ¼ 3:2 dB), which makes it a good variable as in-
put for the localization phase.
However, the signal presents a certain degree of instabil-
ity per position ðmedianσstaticPrx ¼ 0:5 dBÞ, which may intro-
duce inaccuracies during the real time localization phase.
From the point of view of IDSrx, it is also observed that
almost all tags are read in any position in the corridor.
Therefore, the tag ID is not good enough to discriminate
the real localization. As a consequence, each position is
defined by the set of 30 RSSI fingerprints (each tag pro-
vides one).
In terms of cellular technology, on one hand, the low
values in σstaticPrx ðx; yÞ (median ≤ 0.2 dB for both cellular
technologies) indicate a very strong stability in the mea-
sured signal for each point, which is a positive feature
for localization purposes allowing a stable support for
the positioning calculations. On the other hand, the high
values in σadjacentPrx ðx; yÞ provide an idea of the capability
of distinguishing between different spots based on the
cellular received power. Here, GSM, especially high
Fig. 12 UMTS—Histograms for the left (a), middle (b) and right (c) lines
Fig. 13 GSM—Histograms for the left (a), middle (b) and right (c) lines
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values, indicate a strong advantage for the use of that
signal in this purpose.
In terms of IDSrx, this means the variability of the re-
ceived CellIDs, N staticIDrs x; yð Þ indicates that in general, more
cells are received per position in UMTS, while σadjacentIDSrx x; yð Þ
ratio represents the capability of distinguishing between ad-
jacent positions based on the cell identifiers. Here, the latest
indicates poor capabilities of GSM for the distinction based
in cell id as most adjacent positions share the same cell id
received medianσadjacentIDSrx ¼ 0
 
. Conversely, in the case of
UMTS, each position is commonly a distinct pattern of re-
ceiving cells medianσadjacentIDSrx ¼ 0:7Þ

meaning that it is near
one change of identifiers between positions).
It has to be indicated that these general conditions, as in
any opportunistic system, may vary for different locations,
as the distribution and composition of the macrocell envir-
onment may be different. So for the use of the macrocell
information, an analysis of the particularities of each sce-
nario has to be performed to assess the applicability of the
scheme. In the analyzed scenario, the capabilities of pos-
ition filtering based on UMTS IDSrx have shown the most
promising qualities (instead of received signal), so it would
be a key element for the enhancement achieved by the
localization mechanism presented in the next section.
In any case, similar conditions have been reported in
other analyzed scenarios, particularly in urban environ-
ment where, for example, the reception of multiple
macrocells in each point is common. Also, the congru-
ence with the simulated scenarios indicates the clear ex-
trapolation of these characteristics.
7 Localization assessment
In this section, each localization system and their
achieved synergies due to the integration of cellular
Fig. 14 UMTS—Received signal code power (RSCP) for the left (a), middle (b) and right (c) lines
Fig. 15 GSM—Received signal level (RxLev) for the left (a), middle (b) and right (c) lines
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technologies in RFID-based localization systems are
analyzed in the field of heterogeneous localization.
7.1 Localization RFID system
Fingerprinting has two main phases: calibration and
localization. During the calibration phase, the RSSI
values collected by the target (in this approach, the RFID
reader) are measured at known locations and stored in a
database. Concretely for this approach, the RSSI values
are quantified with a resolution of 0.6 dBm as previously
mentioned. Therefore, these quantified values are stored
generating the electromagnetic “fingerprint” of the consid-
ered environment. During the localization phase, the tar-
get location is estimated by matching the new quantified
RSSI values to those in the database. Different matching
algorithms may be used to estimate the position.
7.1.1 Calibration phase
The calibration phase obtains the RFID fingerprint model.
It consists on quantified RSSI measurements collected in
a mesh of 30 × 30 cm as Fig. 17 shows. In the case under
study, 75 acquisitions per line and 5 lines (375 finger-
printed positions) are included. The quantified data were
recorded during 5 min at each point, which means
675,000 samples in the RFID system (60 samples per tag/
position, 375 positions, and 30 tags) were saved. These
measurements were gathered statically as the period of
characterization was large, and it is the proper approach
for the characterization of each point at calibration phase.
7.1.2 Localization phase
After the calibration phase, the set of measurements re-
ceived in real time by the localized platform was used to
test the localization system. The measurements were dy-
namically performed in the middle row of the corridor
Fig. 16 UMTS and GSM—serving cell identifier for UMTS (a) and GSM (b) technologies
Table 1 Summary of signal variability (complete distribution)





RFID −58.2 7.3 30
UMTS −97.1 4.1 7
GSM −75.1 7.5 4










RFID Mean 0.7 3.2 28.7 1.4
Median 0.5 3.2 29 1.0
UMTS Mean 0.5 2.6 1.7 0.7
Median 0.2 2.5 1.0 0.7
GSM Mean 0.6 6.0 1.1 0.3
Median 0.0 6.6 1.0 0.0
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(red dotted line in Fig. 17), emulating the use of the sys-
tem as an online localization platform. In this context,
the acquisition time at each point is estimated in 5 s
while the system takes a mean time less than 0.1 s to
calculate the estimated position.
7.1.3 Results
The evaluation of this system is carried out in the mid-
dle line of the corridor by moving the mobile reader
along it. The error between the real position and the
computed positions are calculated for all the methods
and combinations. Figure 18 shows the cumulative prob-
ability of the error distances for the presented methods.
Figure 18a selects the candidates by the “number of
matches” method, i.e., equal values in the quantified
RSSI levels of the fingerprinting and the measurement
positions. The four methods present similar characteris-
tics, 95th percentile is around 4–5 m. Figure 18b also
applies the “number of matches” method; however, in
this case, the matches could be in the range of ±1 level
compared with the calibration point. In this situation,
the system reaches close to 3-m error distance in 95th
percentile when the computed positions are calculated
based on “kic” (k = 5) (red and green lines). In case the
“mic” (maximum intersected candidates) method is se-
lected, the error distance is increased. As observed, there
Fig. 17 Measured points
a b
c d
Fig. 18 RFID—Localization performance for the methods “number of matches – coincidence” (a), “number of matches – coincidence ±1” (b),
“Bayes classifier” (c) and “Euclidean distance” (d)
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is no significant difference between the centroid and the
median metrics.
Similar behavior is observed in Fig. 18c for the “Bayes
Classifier” method. In case the “mic” approach is se-
lected, the 95th percentile is around 3 m while this error
is enhanced by the “kic” approach. In this case, the 95th
percentile is below 2.5 m.
In Fig. 18d, the results of the “Euclidean distance”
method are depicted. Clearly, this method shows the best
performance compared to the others. It could reduce the
95th percentile to 2 m. That error is enhanced when the
positions are estimated based on the “kic” (k = 5).
7.2 Localization cellular system
7.2.1 Calibration phase
For the cellular model, the measurements are recorded
along the corridor every meter following 3 lines on the
floor with a distance of 50 cm from each other (63 posi-
tions) as Fig. 17 shows. In this case, as the “Signal as-
sessment” section has concluded, the selected parameter
to complete the calibration phase is the CellID, i.e., the
cell identifier. Therefore, CellID information was re-
corded during 5 min at each point, which implies that
around 37,800 samples in the whole scenario from the
cellular system (18,900 samples per technology GSM or
UMTS) were stored.
7.2.2 Localization phase
The localization phase was carried out at the same time
as RFID localization phase; therefore, it followed the
same period as RFID system to collect measurements
(5 s) and similar time to calculate the estimated position
(less than 0.1 s).
7.2.3 Results
The evaluation of the cellular technology-based position-
ing system is based on the measured CellIDs. Therefore,
the accuracy is much lower than RFID-based systems.
However, the density of base stations in the corridor could
create clusters to then discriminate and enhance other
localization system at indoor environments. Figure 19
shows the cumulative probability of this cellular system
where, as expected, the error distance is quite high. The
95th percentile is around 10 m.
7.3 Opportunistic localization system
The period to calculate the estimated position was estab-
lished in every 5 s; however, as the algorithms do not in-
volve high computational costs, the position is estimated
in an average time of 100 ms: 60 ms to get RFID candi-
dates and 35 ms to get cellular candidates (parallel pro-
cesses could reduce this time). Table 3 compares the
results obtained with the RFID localization methods to
be compared to the opportunistic localization technique
(i.e., RFID and cellular combination). Due to the similar
results, only centroid metric has been included in the
table.
The cellular discrimination phase discards some candi-
dates for all methods, excepting the “Euclidean distance”
and “Bayes Classifier” methods (since the RFID phase
only proposed one candidate in that case). On the one
hand, for the RFID system, the mean absolute error is
below 2 m and the 95th percentile is between 3.5 and
5.5 for the first two methods. On the other hand, the
integration of cellular information into the discrimin-
ation procedure discards some candidates that could
be far away from the real position. Thanks to it, the
proposed system is able to reduce the mean absolute
Fig. 19 Cellular—Localization performance
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error from 15 to 25 % in comparison to the RFID-
based localization system. This enhancement provides
mean absolute error values from 1.1 to 1.8 m. In the
same context, the 95th percentile is reduced for most
methods, reaching values from 2 to 3.7 m. The “Bayes
Classifier” and “Euclidean distance” methods are slightly
improved when more than one candidate is selected (“kic”
approach).
For the best method (Euclidean distance, kic), results
show 1.4 m for the 80th percentile and 1.8 m for the
95th percentile. Compared with the state of the art, 1.5-m
mean absolute error is obtained in [1], and 1 m at 80th
percentile, but 4 m at 90th percentile, are obtained in [16].
Furthermore, in reference [6], the RFID system is quite
similar in terms of hardware (a mesh of 19 RFID sensors
and 19 active RFID reference tags) while this work uses 30
active tags for similar performances. The 95 % cumulative
percentile of error distance is approximately 3 m in [6]
but 1.8 m in this study. Actually, within indoor environ-
ments, the corridor is the most critical. In references [27]
and [28], the cumulative distribution function (CDF) is
compared for RSS-based localization techniques in differ-
ent environments, big and small rooms, research labora-
tory, and corridors. It is clear from these studies that
accuracy becomes twice as bad in corridors than in large
rooms or labs. Moreover, using the already deployed tech-
nologies such as cellular technologies allow us to reduce
the signal processing complexity for a real time
localization.
Therefore, this approach for the combination of both
technologies increases the localization accuracy and pre-
cision. It reflects the potentialities of their integration
for indoor localization.
7.4 Sensitivity study
A sensitivity study has been performed to evaluate this
approach in the same scenario with a low-dense number
of tags. The number of tags has been reduced according
to 1/2, 1/3, and 1/5 from the original amount (30 tags).
Tables 4 and 5 present the mean square error (MSE) of
the RFID system and the proposed system, respectively.
It could be observed in both tables how the less number
of tags are placed; the worse MSE values are obtained.
Furthermore, with high dense of tags, cellular technol-
ogy improve the location accuracy over the RFID system.
However, when the number of tags is extremely reduced,
the influence of cellular technology does not enhance
the location error as much as expected. The reason is re-
lated with the low number of candidates the RFID sys-
tem proposes; therefore, the discrimination of cellular
technology is much more limited to those candidates.
7.5 Considerations for real deployments
By the time of this work, cost of each active tag is in the
range of tens of United States dollars (USDs) while a
RFID reader rounds few hundred USDs costs. Therefore,
the defined RFID system is based on the distribution of
RFID tags in the infrastructure, while the localized plat-
form (e.g., pedestrian equipment) to be positioned is
provided with a RFID tag reader, which is the optimal
solution if a reasonable amount of mobile equipments
are to be localized in a wide and complex area. In this
way, the infrastructure costs are minimized while placing
the cost in the positioned object. This greatly reduces in-
stallation costs and allows the implementation of the
system in large areas at minimum expense. Additionally,
the commercial penetration of portable RFID readers is
Table 3 Summary of localization
Same level ±1 level Probabilistic Euclidean distance
mic kic mic kic mic kic mic kic
RFID system mean absolute error (m) 1.9 1.8 2.1 1.3 1.6 1.3 1.1 0.9
RFID System MSE 6.7 5.9 7.4 4.5 5.6 3.9 3.6 3.1
RFID System 95th percentile 5.5 4.1 5.3 3.5 3.4 2.6 2.0 1.9
Integrated system mean absolute error (m) 1.5 1.4 1.8 1.1 1.6 1.2 1.1 0.9
Integrated system MSE 5.5 4.0 5.8 3.7 5.6 3.7 3.6 3.0
Integrated system 95th percentile 3.2 3 3.7 2.2 3.4 2.5 2.0 1.8
Table 4 Sensitivity study of RFID system based on the number of tags (MSE)
RFID system MSE Same level ±1 level Probabilistic Euclidean distance
mic kic mic kic mic kic mic kic
30 tags (ratio 1) 6.7 5.9 7.4 4.5 5.6 3.9 3.6 3.1
15 tags (ratio 1/2) 15.6 9.9 9.1 6.5 9.2 6.0 5.6 4.8
10 tags (ratio 1/3) 24.4 20.8 14.3 11.0 13.5 10.9 9.8 8.7
6 tags (ratio 1/5) 43.8 38.9 31.7 21.2 26.7 19.6 16.9 14.6
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growing, being also included in mobile phones as pe-
ripherals or embedded systems [29]. In any case, scenar-
ios where the located system is equipped with RFID tags
instead of a transceiver (being the transceivers part of
the fixed infrastructure of the scenario) are also possible
[30, 31], keeping the same general scheme and condi-
tions in terms of performance and architectural needs.
In order to cover an entire floor of a public building of
some hundreds square meters with passive tags, a few
hundreds of readers must be deployed, as their read
range is 1–3 m. Using active tags allows to cover a whole
floor, without increasing the total number of tags. Fur-
ther studies on the optimal number of tags and their
placement are being carried out for the corridor [32]
and the entire floor. Therefore, active RFID solution is
still cost effective when covering large areas even if we
locate a hundred of mobile readers.
In the proposed approach, the main elements of clas-
sical architectures for RFID-based localization are main-
tained: a remote localization server performs the
calculation of the position based on the signals received
from the RFID tags and the previously stored fingerprint
data. The only additions to this classic structure imply
the inclusion of cellular signal fingerprint information as
part of the localization server databases and the exist-
ence of a cellular receiver as part of the localized plat-
form. The cellular receiver may be already part of the
localized platform (e.g., for communications reasons).
Otherwise, adding the cellular receiver to the previously
existing pure RFID platforms can be done at a very low
cost due to the wide popularity of the cellular technol-
ogy: a low-budget smartphone may be enough. Add-
itionally, the increasing availability of RFID commercial
portable readers for active RFID tags could make this
approach even more accessible for pedestrian applica-
tions in the close future.
The acquisition of cellular technologies fingerprint
data should also not suppose any significant cost in
terms of the calibration phase, as the cellular scenario
characterization can be performed simultaneously to the
RFID one.
A shortcoming of the proposed system is that if the
cellular infrastructure changes due to modifications
done by operators (e.g., change of configuration
parameters) or failure, the accuracy of the cellular-based
discrimination can be jeopardized and a new fingerprint
calibration phase may be required. This is the same case
as for changes in the RFID infrastructure, but the latter
is usually more accessible and under the control of local
administrators. In order to overcome this challenge, co-
ordination between the mobile operator and the
localization system should be defined, fitting in the initi-
ated process by cellular standardization aiming to inte-
grate localization (including the one coming from third
party solutions) as part of the standard architecture in-
terfaces [33, 34].
Another issue arises when the indoor area is covered
by only one (or few) base stations, which makes the cel-
lular information useless or not be as helpful as ex-
pected. However, the experience has shown that most of
the time, a certain level of signal is received from several
cells simultaneously (it does not mean the quality of the
signal is appropriate to attempt a call) or cellular tech-
nologies. Furthermore, the increasing deployments of
small cells will help to further avoid this restriction.
To conclude, the use of common application layer
apps for the mobile terminal is assumed as the source of
signal information. However, one of the main limitations
of some terminals (due to their manufacturers) is their
inability to report information about neighbor cells (e.g.,
received power, CellID, etc.). That issue would affect the
fingerprint procedure as it could suffer from lack of in-
formation. However, handover/cell-reselection process
would be useful in order to overcome this lack of infor-
mation from several cells. Regarding this issue, this study
has taken into account that restriction, focusing on this
kind of terminals (e.g., Samsung) as a high percentage of
smartphones, has this limitation.
8 Conclusions
In this paper, the fundamentals for innovative RFID
localization systems with opportunistic use of GSM and
UMTS measurements have been presented. Here, the ana-
lysis assesses the possibilities of using signals coming from
already existent non-positioning-oriented cellular net-
works to provide support to indoor RFID-based position-
ing mechanisms, which could highly benefit from such
pre-existent communication infrastructure. Furthermore,
Table 5 Sensitivity study based on the number of tags (MSE)
Integrated
systemMSE
Same level ±1 level Probabilistic Euclidean distance
mic kic mic kic mic kic mic kic
30 tags (ratio 1) 5.5 4.0 5.8 3.7 5.6 3.7 3.6 3.0
15 tags (ratio 1/2) 15.0 9.1 9.1 5.9 9.2 5.8 5.6 5.1
10 tags (ratio 1/3) 23.1 11.8 12.2 8.1 13.5 10.7 9.8 9.6
6 tags (ratio 1/5) 40.0 38.8 27.9 19.5 26.7 18.5 16.9 15.8
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the use of a first-approach, fingerprinting mechanism for
localization shows promising results in terms of accuracy
enhancement.
Results show a mean absolute error around 1 m, while
the 95th percentile is 2 m.
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